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Abstract 
Classification acts building model able to predict the class of objects whose class is unknown.  
In this work, Sugeno fuzzy logic is presented for unsupervised classification database of iris 
flower. Forty four fuzzy rules are used to classify this database using 4 features (inputs) that are acted 
by three fuzzy sets using trapzoidal and triangular Membership functions .  
The proposed classification system results proved its efficiency to classify the database using 
fuzzy rules. 
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1. Introduction 
The classification is a designing system able to recognize a class of dataset 
using its information.  
A method to generate fuzzy rules by processing individual fuzzy attributes to 
treat with problem of Iris data classification was used by Hong [1]. 
A classifier presented [2] for Iris data using weighted fuzzy rules which were 
obtained from training data. It reduced the number of fuzzy rules by merging those 
fuzzy rules.  
A method used [3] to classify Iris data depended on discovering patterns from 
examining petal and sepal size and the prediction was made from analyzing the 
pattern to form the class of IRIS plant. Artificial neural networks was applied to 
problems in pattern classification, function approximations, optimization, and 
associative memories. 
Feed forward neural networks to identification of iris plants based on sepal 
length, sepal width, petal length, and petal width. A Neural Network (NN) was used 
for the classification of iris data set[4]. 
A classifier based on rule extraction problem by the real value coding that 
used artificial immune system algorithm to extract rules from dataset [5]. 
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2. Introduction to Fuzzy Logic 
Fuzzy logic is first proposed by Lotfi A. Zadeh at University of California at 
Berkeley in a 1965 paper, the concept of "linguistic variables" elaborated on his ideas 
in a 1973. Converting a given input to an output using fuzzy logic is called Fuzzy 
inference [6].  
Fuzzy logic has many types of inference systems such as Mamdani type, 
Sugeno type, and Tsukamoto type. 
The sugeno fuzzy model was proposed to generate fuzzy rules to develop a 
systematic approach from a given input-output data set. A fuzzy rule in a sugeno 
fuzzy model has the form: 
If a is X and b is Y the c = f(a,b) 
Where fuzzy sets in the antecedent are X and Y and a crisp function in the consequent 
is c = f(a,b) [7]. Fuzzy Set includes identifying : 
 
1. The universe of discourse . 
2. Many of fuzzy sets.  
3. Membership functions. 
Membership Functions are operation to quantify knowledge to convert linguistic 
description into values range from 0 to 1 representing membership degree of each 
input in the fuzzy set. There are many types of membership functions such as : 
Triangular Membership Function: it is the simplest function[8]. A triangular MF uses 
three parameters as follows: 
0 s<x 
Triangle (s,x,y,z)= 
𝑠−𝑥
𝑦−𝑥
 x≤s≤y 
    
𝑧−𝑠
𝑧−𝑦
 y≤s≤z 
    0  z≤s 
 
Trapezoidal Membership Function uses four parameters as follows[8]: 
 
0 s<x 
    
𝑠−𝑥
𝑦−𝑥
 x≤s≤y 
Trapezoid(s,x,y,z,d)=  1 y≤s≤z 
    
𝑑−𝑠
𝑑−𝑧
 z≤s≤d 
    0  d≤s 
 
 
Gaussian Membership Function uses two operators as follows [9]  
  
 
 
The input variables are transformed to linguistic ones using fuzzification 
operation that is done using membership functions that defining the range of input and 
membership degree[10]. 
Gaussian(a, w, )=  e(a-w/ )2*(-0.5). 
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The words are used to represent the operator's knowledge and, then linguistic 
rules are written to represent the rule base in the forms of the input-output data which 
are formulated using the observation of operator's actions [11]. 
Fuzzy logic quantifies each of the rules [12]. Fuzzy treats with AND operation 
using MIN function for the real numbers between 0 and 1. The OR operation is acted 
using the MAX Function. 
After the result of each rule in the model is obtained, the fuzzy sets of 
consequent are implicated by cutting the membership functions of output in the point 
of y_coordinate equals to strength of rule[11]. The implicated fuzzy sets of all the 
active rules are aggregated into one fuzzy set by unifying the outputs of every rule. 
The fuzzy output is transformed to crisp value that represents converting decisions to 
actions using defuzzification methods.  
Defuzzification can be resulted using several methods such as  Height Method, 
Centroid method, First of Maxima method, Mean of Max method. In sugeno fuzzy 
system[13], The result is computed as follows, where wi acts rule strength , zi is crisp 
output of rule and N acts number of sugeno rules: 
 
Final output=
∑ 𝒘𝒊𝒛𝒊𝑵𝒊=𝟏
∑ 𝒘𝒊𝑵𝒊=𝟏
 
3. Sugeno Classifier System 
Dataset of iris flower consists of 150 instances , four features that are Sepal 
Length, Sepal Width, Petal Length and Petal Width and three classes are Iris setosa , 
Iris versicolor and Iris Verginica. This data set is created by Sir Ronald Aylmer Fisher 
in 1936. 
In this System , rules of Sugeno fuzzy logic used to classify Iris database where 
database has four features representing premise(inputs)of fuzzy Rules and three 
classes representing output. Every input data(features)of premise fuzzy Rules is 
fuzzified by using fuzzy sets acted by trapzoidal Membership function or triangular 
membership functions. The fuzzified input data is applied on fuzzy Rules that are 
used for classification and the class is resulted by sugeno fuzzy System. The steps of 
the proposed system as follows:- 
1- Designing the Membership functions for inputs and number of fuzzy sets for 
them. 
2- Fuzzification of input data(features). 
3- Fuzzy Rules inference for the output. 
4- Conclusion the output using Sugeno fuzzy system. 
5- Accuracy computation. 
 
3-1 Membership Functions Designing:- 
The inputs of System are four, every input is acted by three of fuzzy sets that 
are triangular and trapezoidal Membership functions. The MIN and MAX parameters 
for features of Iris that are used in membership functions designing are showed in the 
table1.  Fuzzy sets of inputs are shown as follows:- 
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Input1:-Sepal length(feature1( 
 
 
 
 
 
 
 
Input2(feature2):-Sepal width 
 
 
 
 
 
  
 
Fig. 1: Fuzzy Sets of Feature 1. 
a1:minimum value of feature1 for Iris-setosa. 
a2:minimum value of feature1 for Iris- versicolor. 
a3: minimum value of feature1 for Iris- verginica. 
b1:last value of feature1 belongs to Iris-setosa and does not belongs to Iris-
versicolor or iris verginica. 
b2:median value of feature1 belongs to Iris- versicolor. 
b3: :first value of feature1 belongs to Iris-verginica and does not belongs to Iris-
versicolor or iris setosa. 
c1: max value of feature1 for Iris-setosa. 
c2: max value of feature1 for Iris- versicolor. 
c3: max value of feature1 for Iris- verginica. 
Fig. 2: Fuzzy Sets of Feature 2. 
a1:minimum value of feature2 for Iris- versicolor. 
a2:minimum value of feature2 for Iris- verginica. 
a3: minimum value of feature2 for Iris- setosa. 
b1:last value of feature2 belongs to Iris-versicolor and does not belong to Iris-setosa 
or Iris- verginica. 
b2: median value of feature2 belongs to Iris- verginica. 
b3: :first value of feature2 belongs to Iris-setosa and does not belongs to Iris-
versicolor or iris verginica. 
c1: max value of feature2 for Iris- versicolor. 
c2: max value of feature2 for Iris- verginica. 
c3: max value of feature1 for Iris- setosa. 
 
 
a1 a2,a3 b1  
,a3 
c2,b3 c1,b2 c3 
short long 
1 
0 
med 
c3 b1,a2  
,a3 
a1   a3 c2,b3 
narrow wide 
1 
0 
med 
b2, c1 
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Input3(feature3):-Petal length 
 
   
 
 
 
 
 
Input4(feature4):-Petal width 
   
 
 
  
 
 
 
Fig. 3: Fuzzy Sets of Feature 3. 
a1:minimum value of feature3 for Iris-setosa. 
a2:minimum value of feature3 for Iris- versicolor. 
a3: minimum value of feature3 for Iris- verginica. 
b1:last value of feature3 belongs to Iris-setosa and does not belong to Iris-versicolor or 
Iris verginica. 
b2:last value of feature3 belongs to Iris- versicolor and does not belongs to Iris- 
verginica. 
b3:first value of feature3 belongs to Iris-verginica and does not belongs to Iris-
versicolor or iris setosa. 
c1: max value of feature3 for Iris-setosa. 
c2: max value of feature3 for Iris- versicolor. 
c3: max value of feature3 for Iris- verginica. 
 
Fig. 4: Fuzzy Sets of Feature 4. 
a1:minimum value of feature3 for Iris-setosa. 
a2:minimum value of feature3 for Iris- versicolor. 
a3: minimum value of feature3 for Iris- verginica. 
b1:last value of feature3 belongs to Iris-setosa and does not belong to Iris-versicolor 
or Iris verginica. 
b2:last value of feature3 belongs to Iris- versicolor and does not belongs to Iris- 
verginica. 
b3:first value of feature3 belongs to Iris-verginica and does not belongs to Iris-
versicolor or iris setosa. 
c1: max value of feature3 for Iris-setosa. 
c2: max value of feature3 for Iris- versicolor. 
c3: max value of feature3 for Iris- verginica. 
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Table 1: The Parameters of Features for Three Types of IRIS Flowers. 
 
 
3-2 Fuzzification of Input Data(features(: 
In this step, every input is fuzzified using trapzoidal or triangular membership 
functions in three fuzzy sets. The fuzzified inputs are applied on fuzzy rules and the 
active rules are used to conclude the output. 
 
3-3 Fuzzy Rule Inference for Output:- 
The used rules for conclusion of the output are shown in the following, where 
f1 acts feature1, F2 acts feature2, F3 acts feature3 and F4 acts feature4 Cl1 acts Iris-
setosa, Cl2 acts Iris-versicolor and Cl3 acts Iris-verginica. 
Rule1: If (f1 is short, F2 is wide, F3 is small and F4 is narrow)then output is Cl1. 
Rule2: If(f1 is short, F2 is wide, F3 is med and F4 is med)then output is Cl2. 
Rule3:If(f1 is short, F2 is narrow, F3 is small and F4 is narrow)then output is Cl1. 
Rule4: If(f1 is short, F2 is narrow, F3 is med and F4 is med )then output is Cl2. 
Rule5: If (f1 is short, F2 is med , F3 is small and F4 is narrow) then output is Cl1. 
Rule6: If (f1 is short, F2 is wide, F3 is large and F4 is wide) then output is Cl2. 
Rule7: If( f1 is short, F2 is med , F3 is large and F4 is wide) then output is Cl3. 
Rule8: If (f1 is short, F2 is narrow, F3 is large and F4 is wide) then output is Cl3. 
Rule9: If (f1 is short, F2 is med, F3 is med and F4 is wide) then output is Cl3 
Rule10: If (f1 is short, F2 is med , F3 is large and F4 is med) then output is Cl3. 
Rule11: If (f1 is short, F2 is narrow, F3 is med and F4 is wide) then output is Cl2. 
Rule12: If (f1 is short, F2 is narrow, F3 is large and F4 is med) then output is Cl2. 
Rule13: If (f1 is short, F2 is med , F3 is med and F4 is med) then output is Cl2. 
Rule14: If (f1 is short, F2 is wide, F3 is med and F4 is wide) then output is Cl2. 
Rule15: If (f1 is short , F2 is wide , F3 is large and F4 is med) then output is Cl2. 
Rule16: If (f1 is med, F2 is wide, F3 is small and F4 is narrow) then output is Cl1. 
Rule17: If (f1 is med, F2 is wide, F3 is med and F4 is med) then output is Cl2. 
Rule18:If(f1 is med, F2 is narrow, F3 is small and F4 is narrow)then output is Cl1. 
Rule19: If( f1 is long, F2 is wide, F3 is small and F4 is narrow) then output is Cl1. 
Rule20: If (f1 is long, F2 is med, F3 is small and F4 is narrow) then output is Cl1. 
Rule21: If (f1 is long, F2 is wide, F3 is large and F4 is wide) then output is Cl3. 
Rule22: If (f1 is long, F2 is med, F3 is med and F4 is med) then output is Cl2. 
Rule23: If (f1 is long, F2 is med, F3 is large and F4 is med) then output is Cl3. 
Rule24: If (f1 is med, F2 is narrow, F3 is med and F4 is med) then output is Cl2. 
Rule25: If (f1 is long, F2 is med, F3 is large and F4 is wide) then output is Cl3 
Rule26: If (f1 is med, F2 is narrow, F3 is med and F4 is wide) then output is Cl2. 
Rule27: If (f1 is med, F2 is narrow, F3 is large and F4 is med) then output is Cl2 
Rule28: If (f1 is med, F2 is med, F3 is med and F4 is med) then output is Cl2 
Rule29: If (f1 is long, F2 is narrow, F3 is med and F4 is med) then output is Cl2. 
Rule30: If (f1 is med, F2 is narrow, F3 is large and F4 is wide) then output is Cl3. 
Rule31: If (f1 is med, F2 is med, F3 is large and F4 is med) then output is Cl3. 
 
Features  
Sepal length Sepal width Petal length Petal width 
Min  Max  Min  Max  Min  Max  Min  Max  
Iris setosa 4.2 5.9 2.2 4.5 0.9 2.9 0 0.9 
Iris versicolor 4.8 7.1 1.9 3.5 2.9 5.2 0.9 1.9 
Iris Verginica 4.8 8 2.1 3.9 4.4 7 1.3 2.6 
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Rule32: If (f1 is med, F2 is med, F3 is med and F4 is wide) then output is Cl2. 
Rule33: If (f1 is long, F2 is narrow, F3 is large and F4 is med) then output is Cl3. 
Rule34: If (f1 is long, F2 is narrow, F3 is med and F4 is wide) then output is Cl3. 
Rule35: If (f1 is med, F2 is med, F3 is large and F4 is wide) then output is Cl3. 
Rule36: If (f1 is long, F2 is narrow, F3 is large and F4 is wide) then output is Cl3. 
Rule37: If (f1 is long, F2 is med, F3 is med and F4 is wide) then output is Cl2. 
Rule38: If (f1 is med, F2 is wide, F3 is large and F4 is wide) then output is Cl3. 
Rule39: If (f1 is long, F2 is wide, F3 is med and F4 is wide) then output is Cl2. 
Rule40: If (f1 is long, F2 is wide, F3 is large and F4 is med) then output is Cl3. 
Rule41: If (f1 is long, F2 is wide, F3 is med and F4 is med) then output is Cl2. 
Rule42: If (f1 is med, F2 is wide, F3 is large and F4 is med) then output is Cl2. 
Rule43: If (f1 is med, F2 is med, F3 is small and F4 is narrow) then output is Cl1. 
Rule44:If(f1 is long, F2 is narrow, F3 is small and F4 is narrow)then output is Cl1. 
 
3-4 Conclusion of Output 
Sugeno Fuzzy Logic gets the class of data as follows: 
output(class)=
∑ (strength of Rules∗output of Rule ) 
∑ strength of Rules
  
Strength of a Rule=Minimum value of(fuzzified input1, fuzzified input2, fuzzified 
input3 and fuzzified input4) 
3-5  Accuracy of Classification: 
The output is checked its class from database to get the accuracy of 
classification. 
IF output=class(test state(THEN  
No. (corrected classified states)= No.(corrected classified states) +1 
loop these steps with other states from database until being finished from test all of  
data to get the Accuracy of classification. 
Accuracy= (
No.of corrected classified states
No.of total states
 )*100% 
 
 
4. Results 
The resulted accuracy using sugeno fuzzy system of iris data is 98% as shown 
in the following running figure, the language used for system is matlab  : 
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Fig. 5: Accuracy of Classification of Iris using Sugeno Fuzzy Logic. 
 
 
5. Conclusions 
Sugeno fuzzy system is efficiently classified the used database. The fuzzy 
rules in this classifier also proved its efficiency to obtain the classes of database.  
Sugeno fuzzy inference system proved its efficiency in the classification 
problem so it can used for future works with other datasets. 
In future works, new techniques can be added to minimize number of fuzzy 
rules that used to classify or to minimize the used features. 
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ةصلاخلا 
فينصتلا .فورعم ريغ اهعون يتلا رصانعلا عونب ؤبنتلا ىلع رداق جذومن ءانب لثمي 
 ةعبرا .نسوسلا ةرهز تانايب ةدعاقل هيلع فرشم ريغ فينصتل مدقم ونيجوسل يبابضلا قطنملا ,لمعلا اذه يفق نوعبراو ةدعا
لاود ةطساوب ةيبابض عيماجم ثلاث مادختساب تلثم  )تلاخدم( صئاصخ ةعبرا عم هذه تانايبلا ةدعاق فينصتل تمدختسا ةيبابض 
.ةيثلثملا و فرحنملا ةبش ةيوضعلا 
 تنهرب ضرتفملا فينصتلا ماظن جئاتنهتءافك .ةيبابضلا دعاوقلا مادختساب تانايبلا ةدعاق فينصتل 
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